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Figure 1: Modeling framework. The different modules and variety of data used are outlined. We show in detail the process of constructing the seasonal flow networks and modeling the spread over these networks. This is summarized in Methods and described in detail in Supplementary Information. traded for consumption, and (iii) the higher the per capita income, the greater the consumption.
117
As discussed in the Methods section, these are fair assumptions in the case of Nepal. The flows 118 are estimated using a doubly constrained gravity model [6, 28] .
119
Based on the altitude-induced agricultural cycle, we have divided the entire year into two 120 seasons: S1 (June to November) and S2 (December to May). During season S1, mainly the Mid
121
Hills and High Hills (see Figure 2a for definitions) contribute to the production, while in S2,
122
Terai region is the major producer. As a result we have two flow networks, one for each season.
123
The total outflow from each market i, O i is the amount of produce that arrives at the market 
126
The flow F ij from location i to j is given by Supplementary Information). The methodology for assigning production and consumption to 131 nodes and computing travel times is outlined in Figure 1 and described in Methods. that this is indeed true through rigorous sensitivity analysis.
174
The incidence reports in Nepal and ground surveillance strongly suggest that T. absoluta 175 was first introduced to the area around Kathmandu [7] . By December 2016, several areas had ideally, we would like to compute the joint probability of O at a time step t, P (O | f 0 , t).
184
However, there are two issues. Firstly, it is not tractable to compute this probability. Following
185
Lokhov et al.
[34], we approximate this joint probability as a product of the marginal probability
186
estimates from the message passing algorithm and define an energy function for each tuple (f 0 , t)
The lower the value of φ, the higher the likelihood of f 0 being the initial condition. Secondly, 
195
In the following sections, we highlight the analytical results based on our modeling framework. evaluation. Hence, the network corresponds to season S1 for a given set of parameters (β, κ, γ). is the baseline which assumes no observational data on infections.
244
The results of the origin inference experiments are shown in Figure 5 . Firstly, we observed Figure 5 : Evaluating the spread model using epidemic source inference framework.
(a) The average rank of each market based on the likelihood for the criterion O G for a range of model parameters (see Table 2 ). what has been reported. Figure 6 shows the infection probabilities for a particular combination
277
(more plots are provided in the Supplementary Information). We used (5,5), (10, 10) and (20, 20) 278 for (T 1 , T 2 ) respectively representing best case, average and worst case spreads.
279
As seen in Figure 6 , our model suggests that most Terai and Mid Hills regions of CDR, WDR than 0.2% of the global tomato production, most of which is used to meet the domestic demand 310 for tomatoes, and it exports only 1% of its production, so we treat it as a small closed economy 
317
A 25% crop loss [7] in cultivated areas infected by T. absoluta results in a direct economic analysis assumes 'demand elasticity to price' to be -0.7, 'supply elasticity to price' to be 0.5
327
(https://data.ers.usda.gov), base price at $400 per ton (www.kalimatimarket.com.np), crop loss 328 due to pest invasion to be 25% [7] and reduced net price due to increased cost of production 329 from pest control to be 80% [30] . The pest risk probabilities are obtained after running the 330 spread model for 10 time steps.
331
As mentioned in the model evaluation, the time duration of each time step t can be arbitrary, lists to network parameters (β, κ, γ), and diffusion model parameters (σ, t) (see Table 1 for 340 definitions). The joint parameter effects are shown in Figure 5 , while the single parameter 341 results are provided in the Supplementary Information. We found that the market ranks are 342 more sensitive to spatial seeding parameter σ and distance exponent β than other parameters.
343
In particular, we observed that the sensitivity was highest when σ = 0 was included in the dispersal. Hence, we restricted σ to be greater than 0 in our analysis. Also, we observe that 348 the variance in rank is small for higher ranked nodes. This can be seen in Figure 5 , and is Table 2 : Analyzing sensitivity to model parameters using ANOVA.
Discussion

362
Although there is general consensus that vegetable and seedling trade is a primary driver of K a v r e p a la n c h o k S a r la h i K a t h m a n d u C h it w a n R a u t a h a t J h a p a B a r a L a li t p u r B h a k t a p u r M a k w a n p u r inflow (metric tonnes) Kathmandu inflows (2,500,0) (2,500,0. 
521
Sensitivity analysis We performed sensitivity analysis for both the generated flow network,
522
and the ranking results of the origin inference problem. Specifically, a full factorial design was 523 performed with levels for the parameters of interest as given in 
